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AbstrACt 
Objectives The objective of this study was to assess the 
change in energy expenditure levels of service users after 
participation in the Luton social prescribing programme.
Design Uncontrolled before-and-after study.
setting This study was set in the East of England (Luton).
Participants Service users with complete covariate 
information and baseline measurements (n=146) were 
included in the analysis.
Intervention Social prescribing, which is an initiative 
that aims to link patients in primary care with sources 
of support within the community sector to improve their 
health, well-being and care experience. Service users were 
referred to 12 sessions (free of charge), usually provided 
by third sector organisations.
Primary outcome measure Energy expenditure 
measured as metabolic equivalent (MET) minutes per 
week.
results Using a Bayesian zero-inflated negative binomial 
model to account for a large number of observed zeros 
in the data, 95% posterior intervals show that energy 
expenditure from all levels of physical activities increased 
post intervention (walking 41.7% (40.31%, 43.11%); 
moderate 5.0% (2.94%, 7.09%); vigorous 107.3% 
(98.19%, 116.20%) and total 56.3% (54.77%, 57.69%)). 
The probability of engaging in physical activity post 
intervention increased, in three of four MET physical 
activity levels, for those individuals who were inactive 
at the start of the programme. Age has a negative effect 
on energy expenditure from any physical activity level. 
Similarly, working status has a negative effect on energy 
expenditure in all but one MET physical activity level. No 
consistent pattern was observed across physical activity 
levels in the association between gender and energy 
expenditure.
Conclusion This study shows that social prescribing may 
have the potential to increase the physical activity levels of 
service users and promote the uptake of physical activity 
in inactive patient groups. Results of this study can inform 
future research in the field, which could be of use for 
commissioners and policy makers.
IntrODuCtIOn
Chronic conditions, such as type 2 diabetes, 
cardiovascular disease (CVD) and various 
respiratory diseases, create a serious public 
health challenge in the UK and world-
wide.1–3 It is estimated that the number of 
people living with multiple chronic condi-
tions is steadily increasing in the UK.4 
The changing needs of the population 
increase costs and pressure on the UK’s 
National Health Systems. However, most 
western healthcare systems are dominated 
by disease-oriented delivery, research and 
education (Biomedical model of care).1 It is 
clear that disease-oriented delivery of health 
services can no longer meet the complex 
needs of people with chronic conditions.5 
Thus, the focus of health systems needs to 
shift from treatment of disease to primary, 
secondary and tertiary disease prevention, 
self-management and health behaviour and 
lifestyle modifications.1 5 In essence, the 
underlying model of care needs to change 
to a biopsychosocial model, considering, in 
addition to biological factors and medical 
interventions, the wider determinants of 
strengths and limitations of this study
 ► Employing zero-inflated methods to model the ze-
ro-inflated nature of the observed data allows for a 
more appropriate, unbiased analysis compared with 
prior approaches.
 ► This study is the first to evaluate effects of covari-
ates (gender, age, working status) on energy expen-
diture in relation to social prescribing programmes.
 ► Use of the Bayesian approach allows for the infor-
mation extracted to reflect the knowledge about the 
parameters of interest irrespective of small sample 
sizes.
 ► Implementing a Bayesian analysis facilitates a full 
representation of the distributions of the parameters 
of interest (oftentimes non-normal) as opposed to a 
normal approximation for the distributions.
 ► Similar to most social prescribing evaluations in the 
UK, this study lacks a control group and is limited by 
a high loss of follow-up.
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health and coordination and integration of care across 
professionals and disciplines.1 6 
To respond to the changing needs of populations 
and increased pressure on the National Health Service 
(NHS), the integration of health and social care turned 
into a policy priority in the UK.7–9 Social prescribing is 
an increasingly implemented initiative in the UK, aiming 
to link primary care to non-clinical community services 
to promote self-management, health behaviour improve-
ments and more effective responses to psychosocial prob-
lems (eg, social isolation, debt, housing and employment 
issues).10–12 There is no standard definition of social 
prescribing, but the National Social Prescribing Network 
defines it as ‘enabling healthcare professionals to refer 
patients to a link worker, to co-design a non-clinical social 
prescription to improve their health and wellbeing’.13 
Typically, the role of link workers, also referred to as navi-
gators, involve individual assessment to identify non-med-
ical needs of service users and motivational interviewing, 
processing onward referrals to non-medical sources of 
support, providing continuous personalised support and 
collecting data for evaluations.10 Examples of sources of 
non-medical support, predominantly provided by third 
sector organisations, include art therapy, walking and 
reading groups, exercise and yoga classes, nature-based 
activities, volunteering, legal advice and support with 
employment, debt and housing.10 14
Most social prescribing evaluations are available 
from grey literature sources (eg, informal web-based 
sources and evaluation reports), and therefore often do 
not adhere to formal reporting and quality standards 
expected in academic journal articles.14–17 This trend 
may be explained by the fact that social prescribing is a 
relatively new field of research and that the ‘scientific’ 
evaluation of local schemes may be of minor interest 
and limited by restricted resources.17 However, there is 
emerging evidence that social prescribing has the poten-
tial to improve mental health (anxiety and depression), 
well-being, social isolation and to increase physical activity 
levels.18–21 Previous studies suggest evidence that regular 
physical activity reduces the risk of the development of 
chronic conditions, such as CVD, type 2 diabetes and 
cancer.2 3 22 In addition to primary prevention, physical 
activity improves quality of life and plays an important 
role in secondary prevention of chronic conditions by 
reducing the impact of the disease, slowing its progress 
and preventing recurrence.2 23 24 Thus, the integration 
of primary care and physical activity services in the third 
sector to promote increased physical activity and exer-
cise levels is important to meet the changing needs of 
populations.2
The objective of this study was to assess the change in 
energy expenditure levels of service users after partic-
ipation in a social prescribing programme. In addition, 
this study aims to evaluate the effects of covariates (age, 
gender, working status) on energy expenditure after 
engaging in the social prescribing service. Covariates help 
us describe the potential differences in proclivity, among 
clusters of individuals, to be affected by the intervention. 
Since we cannot assume a priori that all individuals will 
be equally affected by the intervention, we introduce 
covariates to explain any potential differences in activity 
changes among individuals. This is relevant because of the 
wide spectrum of individual’s characteristics in the popu-
lation of interest. Is there evidence that the intervention 
may induce a different effect for individuals with specific 
characteristics in terms of age or gender, for example? If 
so, those should be quantified.
Understanding the effects of covariates on energy 
expenditure can help to understand possible differences 
in energy expenditure between service user groups (eg, 
men and women or those working and not working). 
Differences in observed changes by service user groups 
may indicate that some groups require more support 
than others to engage in physical activity, and hence 
the results can inform service development. If there are 
no differences between groups, the resulting model is 
equivalent to one where the covariates were excluded a 
priori. Adding them to the initial model only enhances 
the potential explanatory power of the analysis. This 
study focuses on a social prescribing pilot programme 
that was implemented in 2015 in one Clinical Commis-
sioning Group area in the East of England (Luton) across 
four general practices. The 3-year pilot programme was 
funded through the NHS Better Together Care Fund, 
which seeks to integrate health and social care services 
in England. The aim of the Luton social prescribing 
programme was to improve the health and well-being of 
service users, with a specific focus on physical activity and 
mental well-being. The pathway started with a referral 
from a general practitioner (GP) to a navigator. Based on 
the needs of the local community, the key target groups 
of the Luton social prescribing programme included 
people with high risk of or diagnosis with type 2 diabetes 
and COPD, people with mild to moderate mental health 
issues (particularly depression and anxiety), people 
who are experiencing loneliness and/or social isola-
tion and carers. Although the specific focus was on the 
groups outlined above, GPs had the option to refer all 
patients who could benefit from social prescribing to the 
programme. To do so, the category ‘Other’ was included 
in the referral form to social prescribing. Following a 
referral, navigators then contacted referred patients to 
arrange an initial appointment held in surgeries. The 
role of navigators involved an individual assessment to 
identify the non-medical needs of service users, motiva-
tional interviewing, continuous personalised support and 
to link service users with non-medical sources of support, 
to help improve their health and well-being. The number 
of sessions with navigators and intensity of support 
provided were dependent on the individual’s needs. In 
the Luton model, navigators could refer patients onwards 
to 12 sessions, usually provided by third sector organisa-
tions. Examples of such services include advice services 
(eg, debt, housing and employment), physical activities 
(eg, walking groups, aerobics and yoga), gardening, 
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social activities (eg, lunch clubs), stress management 
and relaxation courses and creative activities (eg, art 
clubs). Thus, although this study focuses on the changes 
in energy expenditure post intervention, referrals were 
also made to other services not related to physical activity. 
The 12 sessions were free of charge for service users. Indi-
viduals could continue to use the services beyond the 
social prescribing programme, but needed to cover the 
costs themselves. Figure 1 summarises the pathway of the 
Luton social prescribing model.
MethODs
setting and service
This study was set in the East of England, in Luton. Luton 
is a city of around 2 00 000 people with a large minority 
ethnic population. Luton is ranked as the 59th most 
deprived area in England by the Index of Multiple Depri-
vation, ranging from 1 (most deprived area) to 32 844 
(least deprived area in England).25 26
Design
The design of this study is an uncontrolled before-and-
after study.
Data sources
Navigators routinely collected data for referred patients 
in the first appointment (baseline) and in the last 
appointment (immediately post intervention). Data were 
collected for primary care patients referred to the Luton 
social prescribing programme between January 2016 
and February 2018. Referrals to the social prescribing 
programme started in January 2016 and the pilot ended 
in March 2018. The routinely collected data were used for 
the analysis.
Data cleaning
Researchers from the University of Bedfordshire cleaned 
the data.
Measure of energy expenditure
The seven-item International Physical Activity Question-
naire (IPAQ) in English was used to collect data on phys-
ical activity levels of service users pre and immediately post 
intervention. The seven-item IPAQ covers the frequency 
and duration of walking, moderate and vigorous physical 
activities over the previous 7 days, and a single-item ques-
tion on the duration of week-day sitting.27 In accordance 
with the officially recommended guidelines, the results 
of the IPAQ can be presented as a score in metabolic 
equivalent (MET) minutes per week for each activity 
category separately or as a sum.28 METs represent the 
energy expenditure of physical activities as a multiple of 
the resting metabolic rate.29 The following four formulas 
were used to calculate MET (minutes per week) from the 
seven-item IPAQ results in this study28:
Walking MET (minutes/week)=3.3*walking minutes*walking 
days
Moderate MET (minutes/week)=4.0*moderate intensity 
activity minutes*moderate intensity days
Vigorous MET (minutes/week)=8.0*vigorous intensity 
activity minutes*vigorous intensity days
Total physical activity MET (minutes/week)=Walking MET 
(minutes/week)+Moderate MET (minutes/week)+Vigorous 
MET (minutes/week)
Minutes are reported in rounded integer value across 
all four levels of physical activity.
Covariates
The following three covariates were included in the anal-
ysis: Gender (male and female), age (continuous vari-
able) and working status (working and not working). 
The categories working, self-employed, carer and indi-
viduals having any of these options were grouped into 
a single category, referred to as working. The categories 
unemployed, home maker, retired, student, disabled and 
long-term sick were grouped into another category, and 
referred to as not working.
statistical analysis
Data were analysed using the SPSS V.23 and an open 
source Bayesian inferential software called OpenBugs. 
Frequencies and descriptive statistics (mean, SD and 
range) were used to determine participant characteristics 
and to examine the distribution of the outcome variable.
The distributions of the variables Walking, Moderate, 
Vigorous and Total MET (all in minutes per week) were 
positively skewed and overdispersed. In addition, there 
was a high prevalence of zeros in the data, especially for 
Moderate and Vigorous MET (minutes per week). The 
presence of a large number of zeros in datasets creates 
challenges for analysis, as they cannot be justified by stan-
dard distributions and may prevent the transformation of 
data in an attempt to meet distributional (eg, normal) 
assumptions.
We used the Bayesian zero-inflated negative binomial 
model to assess the changes in energy expenditure before 
and after participation in the Luton social prescribing 
programme. We model the probabilities of non-zero MET 
scores as
  
logit
(
pi,t
)
= β∗0 + β
∗
1 ∗ AGEi + β∗2 ∗ GENDERi
+ β∗3 ∗ EMPLOYMENTi + θ∗ ∗ t   
Figure 1 Luton social prescribing pathway.
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and the mean of non-zero MET scores as
  
log
(
µ∗i,t
)
= β0 + β1 ∗ AGEi + β2 ∗ GENDERi
+ β3 ∗ EMPLOYMENTi + θ ∗ t   
where i indicates the individual, t indicates time 
(t=0 is pre intervention and t=1 is post intervention), 
 βk and β
∗
k   (k=1,2,3) indicate the effect of the included 
covariates (ie, age, gender and working status) on the 
non-zero mean MET score ( µ
∗
i,t  ) and on the probability 
of a non-zero MET score ( pi,t  ) respectively, θ repre-
sents the common percent change in mean non-zero 
score ( µ
∗
i,t  ) due to the intervention, and θ
∗ indicates the 
effect of the intervention on the probability of having a 
non-zero value. Since the effect of the intervention on the 
probability of non-zero scores (θ∗ ) is not constant across 
individuals (due to the logistic link), we provide instead 
summaries of the posterior distribution of the changes in 
probability due to the intervention averaged over individ-
uals. A different model was fit for each of the four MET 
scores, and the results are reported for each of the four 
models.
The Bayesian specification is completed in the following 
form:
  
METi,t ∼
{
NB
(
µ∗i,t,σi,t
)
, with probability pi,t
0,with probability 1− pi,t   
 βk,β
∗
k , θ, θ
∗ ∼ N (0, ζI) ,
where the parametrisation for the negative binomial as 
a function of its mean takes the form
  Y ∼ NB
(
µ,σ
) ≡ P (Y = m) = (m−1+ µ2σ2−µ
m
) (σ2−µ
σ2
)m (
µ
σ2
) µ2
σ2−µ ,  
and the priors for the remaining parameters follow 
independent normal distributions with standard para-
metrisation and hyperparameter vector of variances ζ, 
with I as the identity matrix.
Zero-inflated models30 31 allow for expansion of tradi-
tional count models, such as Poisson or negative bino-
mial, to account for excess zeros due to structural 
reasons. These models are of natural applicability to phys-
ical activity, where there are two major states of nature, 
one on and one off: some physical activity or no physical 
activity (zero). A negative binomial approach is appro-
priate for cases of overdispersed distributions (SD of the 
data significantly larger than the overall mean), which is 
the case in non-zero physical activity across a wide spec-
trum of individuals’ baseline characteristics.
The choice of Bayesian methods was made for two 
reasons: (1) low sample size presented in this study rela-
tive to the parametric complexity of the model (Bayesian 
methods do not rely on asymptotic theory to produce 
outcomes) and (2) built-in capacity to introduce prior 
information, which, although not relevant within this 
study (we use non-informative priors), would be more 
relevant when combining the outcomes in this manuscript 
with future research in this area (eg, informing future 
priors).
Given that we have no prior knowledge on service users’ 
MET (minutes per week) obtained from the seven-item 
IPAQ pre and post participation in social prescribing, 
standard flat priors (non-informative) were used for the 
gamma hyperparameters in the gamma-poisson parame-
trization of the negative binomial, as well as the remaining 
parameters of the model. 32 A sensitivity analysis was 
conducted where a wide range of hyperparameters (ζ) 
was tested, yielding similar posterior results, so the final 
specification is based on ζk=106. A total of 2 00 000 samples 
were drawn from the posterior distribution for each of 
the four MET models, with a 10 000 iteration burn-in and 
the Markov Chain Monte Carlo (MCMC) thinned to keep 
every 10th draw to address very minor autocorrelation. 
The MCMC mixed appropriately and the goodness of fit 
tests indicate good fit of the model.33 34 The negative bino-
mial model was fit using a more efficient parametrisation 
(as a function of the mean), through a gamma mixture 
of Poisson distributions.35 This parametrisation allows for 
fast and efficient mixing of the chain.
Patient and public involvement
Patients were not involved in the development of the 
study design.
results
Descriptive findings
In total, 448 patients were referred to the social prescribing 
programme and included in the database from January 
2016 to February 2018. Of these, 186 individuals (41.5%) 
completed the baseline assessment with the seven-item 
IPAQ and 56 (30.1% of those at baseline) completed the 
follow-up immediately post intervention (table 1). Thus, 
the majority of participants (70%) were lost to follow-up 
or did not engage with the social prescribing service 
after the initial assessment and hence did not complete 
post-measures. Significant loss to follow-up was frequently 
reported in previous studies on social prescribing 
programmes in the UK.15 36 Table 2 demonstrates that 
the percent of zero response was lower at follow-up at all 
activity levels, compared with the baseline. In addition, 
Table 1 Available data on energy expenditure pre and 
post intervention (n=448)
MET minutes per week (seven-item 
IPAQ) n (%)
Baseline
Data missing
Total
186 (41.5)
262 (58.5)
448 (100)
Post intervention
Data missing
Total
56 (12.5)
392 (87.5)
448 (100)
IPAQ, International Physical Activity Questionnaire; MET, metabolic 
equivalent.
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the mean MET minutes per week increased post interven-
tion across all activity levels, compared with the baseline.
The baseline characteristics of the participants are 
shown in table 3. The mean age of service users was 51.2 
(SD 15.7) years, and 70.4% were female. The majority of 
service users were not working (61.8%). Data on working 
status are missing for 21% of the sample.
bayesian analysis
Individuals with complete covariate information and 
baseline measurements only (n=146) were included in 
the Bayesian analysis. For simplicity across all analyses, 
interpretations of results focus on assessing evidence 
of directionality in relationships tested. In order to 
summarise those interpretations homogeneously across 
measures (ie, Walking, Moderate, Vigorous and Total 
MET scores), conclusions are built on 95% posterior 
intervals. Evidence of relationships is reported when at 
least 97.5% of the posterior density falls in either posi-
tive or negative territory (ie, when the 95% equal-tailed 
posterior probability interval (PPI) reported is bounded 
by values with the same sign). Unclear evidence of a rela-
tionship is reported in all other cases. In a more purist 
Bayesian interpretation, the parameters of interest are 
random variables, and reported posterior distributions 
simply represent our posterior knowledge about them. 
Therefore, we define 'evidence' in this manuscript when 
(at least) 97.5% posterior probability of the parameter 
of interest shares a common sign. However, all evidence 
reported is conditional on the before-and-after study 
design, including its limitations (see Discussion section).
Walking Met (minutes per week)
The expected increase in the mean non-zero Walking 
MET score due to the intervention is approximately 
41.7% (95% PPI 40.31%, 43.11%). The average increase 
in the probability of observing non-zero Walking MET 
scores due to the intervention is 25.2% (95% PPI 11.66%, 
37.37%).
There seems to be a negative effect of age on the mean 
non-zero Walking MET score (table 4). This indicates that 
the older the individual, the lower will be the expected 
Walking MET score. Similarly, there is evidence for a 
positive effect of gender on the mean non-zero Walking 
MET score. Thus, males have a higher expected non-zero 
Walking MET score than females. Lastly, there is a nega-
tive effect of working on the mean non-zero Walking MET 
score. This indicates that those individuals who were clas-
sified as working have a lower expected non-zero Walking 
MET score than those who were classified as not working.
There was weak or no evidence of the effect of age, 
gender and working status on the probability of observing 
a non-zero Walking MET score. The results for the MET 
scores from walking are summarised in table 4.
Moderate Met (minutes per week)
The expected increase in the mean non-zero Moderate 
MET score due to the intervention is 5.0% (95% PPI 
2.94%, 7.09%). The average increase in the probability 
of observing non-zero Moderate MET scores due to the 
intervention is 23.5% (95% PPI 9.05%, 38.08%).
Similar to Walking MET minutes per week, there is 
evidence for a negative effect of age on the mean non-zero 
Moderate MET score (table 5). In contrast to Walking 
MET minutes per week, there is evidence for a negative 
effect of gender on the mean non-zero Moderate MET 
score. This indicates that males have a lower expected 
Table 2 Descriptive outcomes for Walking, Moderate, Vigorous and Total (MET minutes per week) at baseline and follow-up
Walking (MET minutes 
per week)
% of zero response, 
mean (SD) of non-zero 
response
Moderate activity (MET 
minutes per week)
% of zero response, 
mean (SD) of non-zero 
response
Vigorous activity (MET 
minutes per week)
% of zero response, 
mean (SD) of non-zero 
response
Total physical activity 
(MET minutes per week)
% of zero response, 
mean (SD) of non-zero 
response
Baseline
(n=186)
36.6, 714.5 (1266.2) 79.6, 554.4 (679.2) 96.8, 508
(496.4)
30.1, 831.1 (1325.8)
Follow-up
(n=56)
14.3, 1163.3 (1449.1) 53.6, 558.5 (495.8) 89.3, 1080 (770.2) 7.1, 1477.6 (1573.9)
MET, metabolic equivalent.
Table 3 Sociodemographic characteristics of the sample 
(n=186) for baseline data collected with the seven-item IPAQ 
and proportions of missing data
Characteristics n (%)
Sex
  Female
  Male
  Data missing
  Total
131 (70.4)
55 (29.6)
0 (0.0)
186 (100)
Working status 
  Working
  Not working
  Data missing
  Total
32 (17.2)
115 (61.8)
39 (21.0)
186 (100)
Mean (SD), missing data n (%) 
(n=186)
Age 51.2 (15.7), 1 (0.5)
IPAQ, International Physical Activity Questionnaire.
copyright.
 o
n
 D
ecem
ber 10, 2019 at University of Bedfordshire. Protected by
http://bmjopen.bmj.com/
BM
J O
pen: first published as 10.1136/bmjopen-2018-026862 on 16 June 2019. Downloaded from 
6 Pescheny JV, et al. BMJ Open 2019;9:e026862. doi:10.1136/bmjopen-2018-026862
Open access 
non-zero Moderate MET score than females. There is 
no clear indication of an impact of working on the mean 
non-zero Moderate MET score.
There is evidence for a negative effect of age on the 
probability of observing non-zero Moderate MET scores. 
This indicates that the higher the age of an individual, 
Table 4 Summary of results for Walking MET scores
Outcomes Mean (%) (95% posterior probability interval)
Common percent (%) increase in mean non-zero Walking MET 
score (θ)
Evidence for positive effect 41.7 (40.31, 43.11)
Average increase in the probability of observing non-zero Walking 
MET scores
Evidence for positive effect 25.2 (11.66, 37.37)
Effects of covariates Direction of evidence
Mean effect (95% posterior probability interval)
Effect of age on the mean non-zero Walking MET score (β1) Evidence for negative effect −0.006 (–0.0067,–0.0059)
Effect of age on the probability of observing non-zero Walking MET 
scores (β1*)
Unclear evidence for effect −0.01 (-0.032, 0.0091)
Effect of gender* on the mean non-zero Walking MET score (β2) Evidence for positive effect 0.38 (0.37, 0.39)
Effect of gender* on the probability of observing non-zero Walking 
MET scores (β2*)
Unclear evidence for effect 0.15 (–0.54, 0.84)
Effect of working status† on the mean non-zero Walking MET score 
(β3)
Evidence for negative effect −0.11 (–0.12,–0.097)
Effect of working status† on the probability of observing non-zero 
Walking MET scores (β3*)
Unclear evidence for effect −0.75 (–1.60, 0.058)
*The gender component is the incremental effect of being male on the mean non-zero MET scores and corresponding probabilities of non-
zero MET scores.
†The working status component is the incremental effect of working on the mean non-zero MET scores and corresponding probabilities of 
non-zero MET scores.
MET, metabolic equivalent.
Table 5 Summary of results for Moderate MET scores
Outcomes Mean (%) (95% posterior probability interval)
Common percent (%) increase in mean non-zero Moderate 
MET score (θ)
Evidence for positive effect 5.0 (2.94, 7.09)
Average increase in the probability of observing non-zero 
Moderate MET scores
Evidence for positive effect 23.5 (9.05, 38.08)
Effects of covariates Direction of evidence
Mean effect (95% posterior probability interval)
Effect of age on the mean non-zero Moderate MET score 
(β1)
Evidence for negative effect −0.01 (−0.011,–0.0089)
Effect of age on the probability of observing non-zero 
Moderate MET scores (β1*)
Evidence for negative effect −0.03 (−0.057,–0.012)
Effect of gender* on the mean non-zero Moderate MET 
score (β2)
Evidence for negative effect −0.45 (−0.48,–0.42)
Effect of gender* on the probability of observing non-zero 
Moderate MET scores (β2*)
Unclear evidence for effect 0.07 (-0.65, 0.78)
Effect of working status† on the mean non-zero Moderate 
MET score (β3)
Unclear evidence for effect 0.03 (-0.00014, 0.053)
Effect of working status† on the probability of observing 
non-zero Moderate MET scores (β3*)
Unclear evidence for effect 0.52 (-0.27, 1.34)
*The gender component is the incremental effect of being male on the mean non-zero MET scores and corresponding probabilities of non-
zero MET scores.
†The working status component is the incremental effect of working on the mean non-zero MET scores and corresponding probabilities of 
non-zero MET scores.
MET, metabolic equivalent.
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the lower will be the probability of observing non-zero 
Moderate MET scores. There were no and weak evidence 
for the effect of gender and working status on the prob-
ability of observing non-zero Moderate MET scores, 
accordingly. Thus, those individuals who were classified 
as working may have a higher probability of non-zero 
Moderate MET scores compared with those not working. 
The results for the MET scores from moderate physical 
activity are summarised in table 5.
Vigorous Met (minutes per week)
The expected increase in the mean non-zero Vigorous 
MET score due to the intervention is 107.3% (95% PPI 
98.19%, 116.20%). The average increase in the proba-
bility of observing non-zero Vigorous MET scores due to 
the intervention is 6.0% (95% PPI −1.21%, 15.07%).
There is evidence for a negative effect of age on the 
mean non-zero Vigorous MET scores (table 6). This 
negative effect indicates that the older an individual, the 
lower will be the expected non-zero Vigorous MET score. 
There also appears to be evidence for a negative effect 
of gender on the mean non-zero Vigorous MET scores. 
Thus, being male has an association with lower expected 
Vigorous MET scores than being female. Lastly, there is 
evidence for a negative effect of working on the mean 
non-zero Vigorous MET scores, indicating that those who 
are working have a lower expected non-zero Vigorous 
MET score than those who are not working.
There is unclear evidence for the effect of age, gender 
and working status on the probability of observing 
non-zero Vigorous MET scores. The results of MET scores 
for vigorous physical activity are summarised in table 6.
total Met (minutes per week)
The expected increase in the mean non-zero Total MET 
score due to the intervention is 56.3% (95% PPI 54.77%, 
57.69%), and the change is clearly positive. The average 
increase in the probability of observing a non-zero Total 
MET score due to the intervention is 26.4% (95% PPI 
14.98%, 36.40%), and the change is clearly positive.
There is evidence for a negative effect of age on the mean 
non-zero Total MET score (table 7), indicating that the older 
an individual, the lower will be the expected mean non-zero 
Total MET score. There is a positive effect of gender on the 
mean non-zero Total MET score, indicating that men have 
a higher expected mean non-zero Total MET score than 
women. Lastly, there is a negative effect of working on the 
mean non-zero Total MET score. This indicates that individ-
uals who were classified as working have a lower expected 
non-zero Total MET mean score than those individuals who 
were classified as not working.
There is unclear evidence for the effect of age, gender 
and working status on the probability of observing 
non-zero Total MET scores. The results of MET scores for 
Total MET are summarised in table 7.
DIsCussIOn
The results of this study show evidence that the levels of 
energy expenditure (MET minutes/week) from walking, 
Table 6 Summary of results for Vigorous MET scores
Outcomes Mean (%) (95% posterior probability interval)
Common percent (%) increase in mean non-zero Vigorous MET score 
(θ)
Evidence for positive effect 107.3 (98.19, 116.20)
Average increase in the probability of observing non-zero Vigorous MET 
scores
Unclear evidence for effect 6.0 (–1.21, 15.07)
Effects of covariates Direction of evidence
Mean effect (95% posterior
probability interval)
Effect of age on the mean non-zero Vigorous MET score (β1) Evidence for negative effect −0.006 
(−0.0075, –0.0036)
Effect of age on the probability of observing non-zero Vigorous MET 
scores (β1*)
Unclear evidence for effect −0.03, (− 0.74, 0.019)
Effect of gender* on the mean non-zero Vigorous MET score (β2) Evidence for negative effect −0.26 (−0.30, –0.21)
Effect of gender* on the probability of observing non-zero Vigorous 
MET scores (β2*)
Unclear evidence for effect 0.19 (−1.16, 1.50)
Effect of working status† on the mean non-zero Vigorous MET score 
(β3)
Evidence for negative effect −0.38 (−0.43, –0.34)
Effect of working status† on the probability of observing non-zero 
Vigorous MET scores (β3*)
Unclear evidence for effect −1.0 (−2.35, 0.25)
*The gender component is the incremental effect of being male on the mean non-zero MET scores and corresponding probabilities of non-
zero MET scores.
†The working status component is the incremental effect of working on the mean non-zero MET scores and corresponding probabilities of 
non-zero MET scores.
MET, metabolic equivalent.
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moderate and vigorous physical activity may be increased 
through the intervention. Previous studies suggest evidence 
that small increases in energy expenditure (100–200 kcal/
day) may be sufficient to prevent gradual weight gain in 
adults.37–39 Previous studies identified that working with a 
navigator is a key enabler of behaviour change in service 
users.10 19 40–42 Ongoing support, motivation and the devel-
opment of open and trusting relationships appeared to 
improve the self-concept and independence of service users 
and made them feel prepared and ready to participate in 
the referred activities.10 Additionally, motivation, as well 
as continuous and need-driven support, from navigators 
appeared to promote adherence to activities, which is likely 
to affect behaviour change and service user outcomes.10 
Based on these findings, navigators appear to be a key 
component of the social prescribing pathway, and may partly 
explain how and why social prescribing interventions work.43 
Previous qualitative research on the Luton social prescribing 
programme has found that the navigators play a key role in 
promoting the uptake and adherence to referred activities, 
particularly physical activities.44 Thus, it is likely that the navi-
gators’ support contributed to the uptake and continuous 
engagement in physical activities, and in turn the observed 
increases in energy expenditure. However, it remains 
unclear whether the observed increase in energy expendi-
ture remains on a longer term. Although previous research 
on the Luton social prescribing programme indicates that 
free services may promote uptake of social prescribing,44 it is 
possible that free services lead to the discontinuation of the 
adopted behaviour, if individuals cannot afford to continue 
activities beyond the social prescribing service. This issue 
may be particularly relevant when social prescribing is imple-
mented in areas with high deprivation levels, such as Luton. 
Previous research found that financial incentives (eg, free 
gym memberships) to increase physical activity levels in 
adults were effective only on the short term, as after ending 
the incentive, the adopted physical activity behaviour was 
discontinued.45
This is the first study to evaluate the trends between covari-
ates (gender, age, working status) and energy expenditure 
in relation to social prescribing programmes. Therefore, it 
adds to the sparse knowledge of the effect of covariates on 
service user outcomes of social prescribing. The study found 
a negative association between age and energy expenditure 
from any physical activity level (ie, older individuals have 
lower expected MET scores). This finding is in line with what 
was expected, as previous research found that with ageing, 
the value of MET scores significantly reduces (p<0.05).46 
Similarly, working had a negative effect on energy expen-
diture in all but one MET level (ie, individuals who were 
classified as working tend to have lower expected MET 
scores, though evidence was unclear for moderate physical 
activity). This finding indicates that it may be more difficult 
for service users who are working to engage in physical activ-
ities than for those who are not working. This trend may 
be explained by a lack of time to engage in physical activ-
ities during the day. Thus, it may be beneficial to ensure 
that social prescribing activities are available for service 
users before and after working hours and at the weekend. 
No consistent pattern was observed across physical activity 
Table 7 Summary of results for Total MET scores
Outcomes Mean (%) (95% posterior probability interval)
  Common percent (%) increase in mean non-zero Total 
MET score (θ)
Evidence for positive effect 56.3 (54.77, 57.69)
  Average increase in the probability of observing non-
zero Total MET scores
Evidence for positive effect 26.4 (14.98, 36.40)
Effects of covariates Direction of evidence
Mean effect (95% posterior
probability interval)
  Effect of age on the mean non-zero Total MET score 
(β1)
Evidence for negative effect −0.01 (−0.012, –0.011)
  Effect of age on the probability of observing non-zero 
Total MET scores (β1*)
Unclear evidence for effect −0.01 (−0.035, 0.0097)
  Effect of gender* on the mean non-zero Total MET 
score (β2)
Evidence for positive effect 0.09 (0.080, 0.10)
  Effect of gender* on the probability of observing non-
zero Total MET scores (β2*)
Unclear evidence for effect 0.74 (−0.039, 1.56)
  Effect of working status† on the mean non-zero Total 
MET score (β3)
Evidence for negative effect −0.08, (−0.087, –0.067)
  Effect of working status† on the probability of 
observing non-zero Total MET scores (β3*)
Unclear evidence for effect −0.82, (−1.81, 0.087)
*The gender component is the incremental effect of being male on the mean non-zero MET scores and corresponding probabilities of non-
zero MET scores.
†The working status component is the incremental effect of working on the mean non-zero MET scores and corresponding probabilities of 
non-zero MET scores.
MET, metabolic equivalent.
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levels in the association between gender and energy expen-
diture (ie, males have higher expected Walking and Total 
MET scores, whereas females have higher Moderate and 
Vigorous MET scores). In addition, this study found that the 
social prescribing programme might have the potential to 
promote physical activity in inactive patient groups. However, 
it is important to note that the outcomes of complex inter-
ventions, such as social prescribing, can be influenced by 
the implementation process, contextual factors, delivery 
models, pathways and individuals involved in the implemen-
tation and delivery.43 44 Therefore, results of this study may 
not be generalisable across settings, populations and social 
prescribing programmes. Nevertheless, results of this study 
can provide important information and guidance for policy 
makers, commissioners and providers planning to imple-
ment, or upscale, social prescribing within primary care.
Some methodological strengths47 48 of the Bayesian 
approach include (1) the information extracted reflects the 
knowledge about the parameters of interest irrespective of 
small sample sizes; (2) the model allows for prior informa-
tion (if/when available) to be incorporated into the anal-
ysis seamlessly, providing a framework for representation 
of cumulative information and (3) a full representation of 
the distributions of the parameters of interest (oftentimes 
non-normal) as opposed to a normal approximation for 
the distributions. This study has important limitations to 
consider. Similar to most evaluations of social prescribing 
programmes in the UK, this study is limited by missing data, 
high loss of follow-up, and a short follow-up period (ie, 
immediately post intervention).15 36 Many of these limitations 
can be explained by the experienced challenges of devel-
oping and implementing a shared information technology 
(IT) system to facilitate communication between front-line 
providers, the collection of complete and standardised data 
and data sharing. At the end of the pilot period, the Luton 
team was still attempting to work around issues with infor-
mation governance, security and feasibility of data sharing 
between providers. However, the development of shared 
IT systems between the health and social care sector was 
identified as a barrier in other integrated care programmes 
too.49 50 Significant delays in the development of the shared 
IT system hindered the collection of standardised data. 
Although data on the ethnicity of service users, types of 
referred services and activities, number of attended sessions, 
adherence to the service and dropouts were initially planned 
to be included in the analysis, it was not possible due to the 
lack of standardised reporting and incomplete data. Thus, 
these covariates could not be included in the present anal-
ysis, but might be of interest in future studies to assess who 
received what, for what duration and with what effect. 
Another limitation of this before-and-after study is the lack 
of a control group. It was not possible to compare outcomes 
from those engaging with the service with those who did not, 
due to practical and resource issues. Thus, the results of this 
before-and-after study need to be interpreted with caution, 
as it is possible that the observed differences are attributed 
to other factors, rather than the engagement in the social 
prescribing service. In order to strengthen the evidence base 
on social prescribing and overcome these common meth-
odological limitations in future studies, the development of 
evaluation frameworks at an early planning stage, sufficient 
resources and the supporting technological infrastructure 
are required.
Previous evaluations assessing the change in physical 
activity levels of social prescribing service users post inter-
vention found mixed results.19 51 The evaluation by Wigfield 
et al found no statistically significant change in ‘Minutes 
walking a day’, ‘Minutes of hard breathing exercise per 
week’ and ‘Minutes of muscle strengthening activity per 
week’ at 3-months follow-up.51 The study by Kimberlee et 
al found a statistically significant increase (p<0.05) in the 
frequency of mean days on which individuals (1) walk more 
than 10 minutes and (2) do moderate exercise for 30 min, at 
3-months follow-up (27-item IPAQ).19 No statistically signif-
icant change was observed for the frequency of vigorous 
physical activities between baseline and follow-up mean day 
scores.19 Although the study by Kimberlee et al and the current 
study found an increase in walking and moderate exercises 
post intervention, results cannot be directly compared due 
to different outcome measures (mean day scores vs MET 
minutes per week) and methods of analysis.19 This variety 
in outcome measures and research methods between the 
previous studies may also explain the mixed evidence base. 
In line with our results, previous qualitative studies found 
that service users experienced an increase in their physical 
activity levels since being referred to social prescribing.10 18 40
COnClusIOn
This study has shown that social prescribing may have the 
potential to increase the physical activity levels of service 
users and promote the uptake of physical activity in inac-
tive patient groups. The use of Bayesian modelling does 
not need to rely on large samples and can incorporate the 
uncertainty embedded in a low sample setting. Addition-
ally, it incorporates the information contained regarding 
individuals who were lost to follow-up, from which infor-
mation borrowing is possible to learn about some of the 
common parameters. Results of this study can inform 
future research in the field, which could be of use for 
commissioners and policy makers.
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